Abstract: Wearable devices have received great highlights as next core products for global information technology companies. Since the wearabledevice market is in its early phase, major factors influencing the adoption behaviour have not been completely identified. The goal of this study, therefore, is to investigate the important factors affecting usage behaviour of wearable devices. To achieve this, we applied an integrated model based on the technology acceptance model and the task-technology fit model. Along with task and technology characteristics, factors of wearable device, social influence and user characteristic were also considered. The survey was conducted with 342 participants, and the results were analysed by the partial least squares method using a two-phase procedure. The research model explained 50.3% of the behavioural intention variance and the 13 out of 15 hypotheses were statistically supported. We identified the explanatory power of the proposed model. Interestingly, users did not expect wearable devices to provide communication functions or become fashion items.
Introduction
Intense competition for high-tech product market share encourages companies to release novel products. Among the different types of information technology (IT) devices, wearable devices have attracted attention as the next generation smart devices. Although markets are still growing, there are uncertainties in high-tech product market. Therefore, in order to decrease the uncertainty and achieve success in a high-technology market, it is critical to analyse the characteristics of these devices and explore the antecedents of adoption. It is important to analyse the adoption of wearable devices because they are expected to have an important role in the future of the IT device market. It is seemingly obvious that hardware technology market is stable and the speed of development is slow. Therefore, those in both academic and industrial fields are focusing on wearable devices that can lead to an extended and improved usage of previous smart devices such as smartphones and tablet PCs.
A wearable device is a smart device that has a new form factor. Several studies have defined wearable devices with a different terminology, such as wearable computers or wearable technology. Silina and Haddadi (2015) defined wearable devices as "a general term that currently refers to devices, worn on or around body, including, but not limited to garments, shoes, accessories, and jewelry, that have input, output, or both." Gemperle et al. (1998) defined the term wearable as "implying the use of the human body as support for some product." Seymour (2008) stated that the term wearable technology includes "the electrical engineering, physical computing, and wireless communications networks that make a fashionable wearable functional. " Bieber, Kirste and Urban (2012) defined smart watches as "wrist worn devices that have computational power, integrated sensors, connectivity to other devices or the Internet, and an integrated clock." These explanations share several characteristics including 'be worn', 'computer', 'sensor', and 'internet'. In summary, a wearable device is a smart device that can be worn.
Wearable devices have special characteristics unlike any other smart devices. First, wearable devices essentially have different forms as compared to prior existing devices. Previously, devices allowed users to perform an overall task on a large screen with internet access and sensor technologies. However, wearable devices typically have no display or only a small-sized display. Hence, users perceive wearable devices differently from prior smart devices. Moreover, if a user wants to utilise a wearable device, they must actually put on the device. People have the tendency to feel uncomfortable when faced with new products and could feel strange wearing a technological device, as was experienced with the first cellphones.
These traits lead to different forms of discussion regarding the success of devices. Although the literature has focused on versatility or general usability for predicting the success of prior smart devices, specialised functions or characteristics are expected to play important roles for wearable devices (Chai et al., 2014) . Recent investigations of wearable devices have focused on the expansion of previous devices or special objectives rather than versatility. Therefore, analysing the factors for the success of wearable devices provides meaningful milestone to predict the future direction of IT devices.
The main goal of this study is to predict the aspects of user adoption of wearable devices. Specifically, we proposed a theoretical model based on the technology acceptance model (TAM), task-technology fit (TTF) model, and external factors associated with the usage intention of wearable devices. The remainder of this paper is organised as follows. Section 2 provides a literature review for the research model. Section 3 presents the research model and hypotheses. Section 4 explains the methodology and Section 5 discusses the results. Finally, Section 6 presents discussion and the conclusion.
Literature review

Technology acceptance model
A number of theories have been developed to explain the IT usage behaviour. However, the representative theory to explain the determinants that influence the IT usage is the TAM, suggested by Davis (1986) .
The TAM was theorised based on 'behavioural intention (BI)', 'perceived usefulness (PU)', and 'perceived ease of use (PEOU)'. BI is defined as the key factor influencing actual use. An actual behaviour is determined by intention to use. The two antecedents, PU and PEOU, have a direct positive influence on BI. Accordingly, people will want to use the IT device if it will help them perform a task or the benefits from the IT system exceed the effort of using it. Furthermore, people consider that the more effort an IT system requires, the less its usefulness. The relationships between these constructs are found in studies related to IT (Lin, 2014; Tarhini, Hone and Liu, 2014) .
Although the usefulness of the TAM has been demonstrated in many studies, the model has some weaknesses in understanding IT usage. The TAM focuses on the individual user's attitude or belief towards IT, and does not incorporate the actual task aspects (Dishaw and Strong, 1999) .
TTF model
According to Goodhue and Thompson (1995) , the adoption of a new technology is dependent on an individual's task. Hence, they suggested the TTF model to explain an individual's adoption usage. The TTF model posits that the appropriateness between task requirements and technology functions leads to technology utilisation and higher performance results. The TTF is defined as "the degree to which a technology assists an individual in performing his or her portfolio of tasks." Thus, the TTF theory can compensate for the weaknesses of the TAM. Up to now, several integrated models of the TAM and the TTF model have been developed to explain user behaviour (Chang, 2008; Dishaw and Strong, 1999; Polančič, Heričko and Pavlič, 2011; Yen et al., 2010) , and the usefulness of such integrated models has been demonstrated.
The TTF model includes two main variables: task and technology characteristics. Tasks refer to "the actions carried out by individuals in turning inputs into outputs," and technologies are the "tools used by individuals in carrying out their tasks" (Goodhue and Thompson, 1995) . Previous studies addressed these constructs in two manners. First, the two variables have been used directly as latent variables (Chang, 2008; Yen et al., 2010) . Second, each variable has been divided into several sub-variables according to the context (Chung, Lee and Choi, 2015; Polančič, Heričko and Pavlič, 2011) . For example, Chung, Lee and Choi (2015) proposed two task-related and three technology-related characteristics. They constructed relationships between these variables and the TTF variables. Polančič, Heričko and Pavlič (2011) suggested four technological characteristic factors in the development context: confidence, efficiency, adaptability, and understandability. We, however, developed another method to address these constructs because the task and technology characteristics of wearable devices are not familiar and must be defined for people to use the devices.
Three characteristics were derived based on the previous research. Pitzer et al. (2013) suggested six categories of wearable device tasks: fitness, medical, lifestyle, infotainment, gaming, and other. A Flextronics technical report (2014) categorised seven criteria as follows: security/safety, medical, wellness, sport/fitness, lifestyle, computing, and communication. We excluded security/safety because it is not pertinent to the personal purpose of using the device. Healthcare embraces similar categories such as fitness, medical, and wellness. We included lifestyle as a user characteristic factor; hence, we excluded the lifestyle task. Gaming was integrated into infotainment. In summary, we suggested three task characteristics, i.e., communication, infotainment, and healthcare.
Connectivity has been suggested as a technology characteristic of wearable devices in many studies. Connectivity describes the interaction between devices using Bluetooth or wireless network technology. Wireless network and sensor technology allow wearable devices to enhance human-computer interaction and synchronise personal data between devices (Bieber, Kirste and Urban, 2012) . A significant amount of the literature has emphasised the importance of connectivity of wearable devices (Chai et al., 2014; Pitzer et al., 2013) . Chai et al. (2014) pointed out poor connectivity issues must be solved for any meaningful research on wearable devices. According to Pitzer et al. (2013) , wearable technologies are not new, but connectivity is one of the reasons that they are attracting much attention recently. Aldhaban (2012) reviewed the research on the adoption of smartphones and categorised the external factors of smartphone adoption as device and services characteristics, facilitating conditions, social factors, and user characteristics. We selected external factors in accordance to this categorisation; however, we excluded facilitating conditions because they are already well constructed due to the popularisation of smartphones.
External factors
Wearable device factors
As discussed previously, users must wear a wearable device to use it. Thus, the intention to adopt wearable devices must consider clothing characteristics. We chose two important factors, wearability and fashionability, after reviewing the following studies.
Many researchers considered wearability as a major evaluation factor of a wearable device. Motti and Caine (2014) identified 20 human factor considerations in the design of wearable devices; two clothing-related characteristics, wearability and fashion, were included. Gemperle et al. (1998) emphasised the importance of the wearability of wearable devices and defined the term wearability as the interaction between the human body and the wearable object. Marculescu et al. (2003) suggested that the concept of wearability includes being lightweight, breathable, comfortable, easy to wear and to remove, and easy to access wounds. They asserted that wearable products must exhibit these characteristics for adoption.
Additional research has suggested fashionability, the role as a fashion item, as important for users to accept a wearable device. Seymour (2008) defined fashionable technology as designed garments, accessories, or jewellery that combine aesthetics and style with functional technology. Wrist watches are examples of functional devices that are also fashion items (Narayanaswami et al., 2001 ). Pascoe and Thomson (2007) stated that the smartwatch may be a socially and fashionably acceptable computing device. Silina and Haddadi (2015) analysed wearable devices as a fashion item with technology in the fashion market. They analysed 187 wearable devices and suggested that more than half of the devices could be considered as fashion items.
Social influence factor
Social influence refers to the perceived pressure to perform a certain behaviour (Fishbein and Ajzen, 1977 ). An individual's behaviour is often not solely the consequence of their inner aspect. Individuals assess themselves depending on their social relationships and decide to act based on these assessments. Accordingly, different studies have suggested social influence factors as antecedents of the usage behaviour (Tan et al., 2015; Wang and Chou, 2016) . Therefore, we considered the social influence factor category in our study.
User characteristic factors
The first user characteristic factor we have considered is perceived privacy. Privacy is considered as important factor when users want to use new IT and privacy variables have received attention (Lai and Shi, 2015) .
Moreover, there is a growing interest in privacy issues because many information leakage accidents have occurred recently. Consequently, perceived privacy is an increasingly important factor for adopting personal devices. Further, many applications in wearable devices require personal information such as GPS data and health records.
Privacy factors have been discussed in different forms, such as security, trust, and perceived privacy. In this study, we focus on perceived privacy. Perceived privacy can be defined as an individual's ability to control the terms by which their personal information is acquired and used (Shin, 2010) . Individual privacy anxieties result from the concern that personal information is not secure (Dinev and Hart, 2004) , even if information systems provide a high level of security.
The second user characteristic factor we consider is innovativeness. Innovativeness is classified as a personal characteristic construct used to predict the personal trait to accept technology. Innovativeness explains the degree of acceptance of new ideas or technology in comparison to others and can be defined as an individual's willingness to test new information technologies (Agarwal and Prasad, 1998) . Individuals who have high innovativeness are more inclined to use new devices.
The third user characteristic factor we consider is lifestyle. With the rapid advances in IT, many new devices and services have been developed. However, the adoption and continuous usage phases are different depending on the culture, age, and gender of the prospect users. Accordingly, whether users accept new IT is highly influenced by personal lifestyle. Lifestyles can be defined as "the manner in which people conduct their lives, including their activities, interests and opinions" (Peter and Olson, 1994) . Recent studies have used lifestyles to verify user adoption behaviour (Chan and Leung, 2005; Li, 2013 ). Figure 1 illustrates the proposed research model in this study. As discussed, the model is constructed from a combination of the TAM and the TTF models. Moreover, we incorporate additional external factors to extend the original model. A total of 15 hypotheses are proposed based on the literature review. 
Research model and hypotheses
Research model
Hypotheses
TAM constructs
As discussed, many studies have demonstrated that PU and PEOU positively influence BI, even though the significance levels differ. Moreover, studies have demonstrated that the effect of PEOU on BI is mediated by PU. Therefore, these relationships may also be found in the wearable device adoption context. 
TTF constructs
Two relationships between constructs were identified by reviewing the previous studies that utilised an integration model of the TAM and TTF model (Chang, 2008; Dishaw and Strong, 1999; Yen et al., 2010) : the task-technology fitness positively influences the PU and PEOU. Therefore, we formulated the following hypotheses.
H4: Task-technology fitness has a positive effect on PU.
H5: Task-technology fitness has a positive effect on PEOU.
Past research has documented three task characteristics and two technology characteristics. The majority of the studies have concluded that task characteristics and technology characteristics have a positive relationship (Chang, 2008; Yen et al., 2010) . Therefore, we hypothesise that individuals with a higher expectation level of task and technology characteristics are more likely to have more positive opinions of the TTF. Based on these perspectives, we formulated the following hypotheses. 
Wearable device characteristic constructs
Previous studies have confirmed that fashionability (Marculescu et al., 2003; Profita, 2011) and wearability (Narayanaswami et al., 2001; Pascoe and Thomson, 2007) are major constructs for predicting wearable types of IT devices. Therefore, we constructed the following hypotheses:
H10: Fashionability has a positive effect on behavioural intention.
H11: Wearability has a positive effect on behavioural intention.
Social influence constructs
One of the major variables of social influence is subjective norms (SN). SN is defined as "the degree with which individuals perceived that people who are important to them think they should or should not use a certain system or perform a certain action" (Fishbein and Ajzen, 1977; Venkatesh and Davis, 2000) . Empirical studies confirmed that SN positively influences BI (Lin, 2014; Tarhini, Hone and Liu, 2014) . Therefore, we constructed the following hypothesis:
H12: Subjective norm has a positive effect on behavioural intention.
User characteristic constructs
Many studies have found that a user's belief regarding the protection level of their information positively influences their behavioural intention (Shin, 2010; Zhou, 2011) . Based on previous research, we formulated the following hypothesis:
H13: Perceived privacy has a positive effect on behavioural intention.
Lifestyle is a significant predictor of PU. In accordance with the literature (Chan and Leung, 2005; Li, 2013) , we considered that people who think wearable devices suit their lifestyle may want to use them. Thus, we constructed the following hypothesis:
H14: Lifestyle has a positive effect on BI.
Previous IT studies have confirmed the relationship between innovativeness and PEOU (Agarwal and Prasad, 1998) . Hence, we proposed the following hypothesis.
H15: Innovativeness has a positive effect on PEOU.
Methodology
Questionnaire
We gathered and revised the measurement variables to validate the proposed model (Table 1) . A total of 49 items of 14 latent variables were developed to identify users' opinions based on a seven-point Likert scale (1: strongly disagree ~ 7: strongly agree). The majority of the items and variables were from the previous literature related to adoption usage behaviour; we developed additional items because task and technology characteristics had not been studied previously. However, we developed these items based on the composition of similar items that were used previously. We then verified the reliability and validity of all the measurement items.
In this study, we wanted to gather data from both experienced and unexperienced users. Accordingly, we added explanations to provide information on wearable devices before the questionnaire part for the unexperienced participants' group. Therefore, the unexperienced participants conducted the questionnaire based on their prior experience on smart devices and the information we provided. We confirmed that the meaning of all items was identical, with minor differences in wording.
Participants
We recruited 386 participants for a month in January, 2015. We performed two processes for controlling data quality. First, data were collected both online and offline. Data from the online group were collected using a web-version questionnaire; data from the offline group were collected using a printed-version. The two versions of the questionnaire were identical except for the page format. Statistical tests revealed no significant difference on the results between the online and offline groups. Second, we included four questions that required participants to answer with a designated number to distinguish their sincerity, e.g., "Please check Number 4 in this question". If a participant checked the wrong number, his or her data were removed. The data from 37 participants were excluded according to this sincerity test. Similarly, seven participants were excluded because they missed several measurement items. Table 2 is the overall information for the participants. We divided the participants into two groups: those who had experienced wearable devices and those who had not. The experienced group was composed of people who had experienced wearable devices including owning a device or handling a device directly. The unexperienced group participants were people who did not have previous knowledge of wearable devices or who only had an indirectly experienced. 
Data preparation and analyses
We implemented partial least squares analysis with SmartPLS 3.0 to perform path analyses and test the hypotheses. A two-phase method was used to analyse the results. First, we assessed the reliability and validity of the measurement model. Then, we tested the structural model based on the explained variance (R²) of the dependent variables and path coefficients (β) by bootstrapping with a 500 re-sampling method. Finally, we conducted a multi-group analysis.
Results
Measurement model
A measurement model must be assessed before a structural model is examined. A measurement model can be assessed based on internal consistency, convergent and discriminant validities. Cronbach's alpha was used to verify the internal consistency; a value of 0.7 or higher is recommended. Furthermore, it is recommended that item loadings are recommended to exceed 0.6 and the composite reliability (CR) values are recommended to exceed 0.7. The average variance extracted (AVE) value for each latent variable should exceed 0.5, and the square root of the AVE should be greater than the inter-construct correlations. Three questionnaire items were excluded owing to low reliability: Fashionability_3, SN_3, and PP_3. Table 3 displays all item loadings, Cronbach's alphas, CR, and AVE after removing these three items. All values are greater than the recommended threshold levels (item loading > 0.6, Cronbach's alpha > 0.7, CR > 0.7, AVE > 0.5), except for the Cronbach's alpha value for fashionability. Although the value, 0.670, does not exceed the threshold level, it is somewhat acceptable. Table 4 depicts the correlation matrix for the discriminant assessment. Every square root of the AVE values is higher than the correlation values between the latent variables. Furthermore, the correlation values between the latent variables are less than 0.7, indicating that multicollinearity issues were avoided. Thus, the measurement model was proven reliable and valid for the study.
To test the common method variance bias, Harman's one-factor statistical test was applied. An exploratory factor analysis was conducted on all measurement items. The results indicated that 16 factors with eigenvalues greater than one were extracted, and a single factor did not emerge. Therefore, our research data did not have problems related to the common method variance bias. Figure 2 illustrates the structural path coefficient estimates (β) with explained variances (R²). The research model explains 50.3% of the BI variance, 38.4% of the PU, and 27.9% of the PEOU. The task and technology characteristics explain 27.9% of the TTF construct. All hypotheses were verified except H3, H7, and H10. Figure 3 presents the results of the group comparison. First, a t-test was conducted to examine the significance of the path coefficients for each group. Then, a multi-group analysis was applied if the path coefficients of both groups were significant. Six hypothesis paths were significantly common (H1, H4, H5, H8, H14, H15 ). Among these paths, H5 was significantly different between the two groups when the multi-group analysis was applied (t = 2.27, p < 0.05). 
Discussion and conclusion
The objective of this research was to understand the aspects of wearable device adoption during the early stages. We developed integrated model of the TAM and TTF, incorporating several other latent variables, which were divided into four groups: task and technology characteristic, wearable device characteristic, social influence, and user characteristic factors. These factors were suggested to extend the understanding of the user behaviour. A survey was conducted to collect users' opinions, and the research model was statistically tested using this data.
We found several important results from the analysed data. First, PU had more influence on BI than did PEOU in the TAM construct. Further, PU did not meditate the relationship between BI and PEOU. Through these results, we recognised that customer expectations in using wearable devices depend on how useful the device is rather than how easy it is to use. This is because users are familiar with smart devices such as smartphones and tablet PCs and find it easy to use. However, it is important whether a wearable device can benefit the user. For that reason, it is hard to expect consumers to use a wearable device unless it provides greater benefits than those experienced before.
Task technology fit is similarly associated with PU and PEOU. These results are in line with the existing adoption studies of IT (Chang, 2008; Dishaw and Strong, 1999) . In the TTF model construct, 27.9% of the variance was explained by task and technology characteristic factors. Among these factors, communication was not a significant predictor of TTF. This can be scrutinised more precisely by considering the differences in the wearable device experience. Interestingly, users without experience expected wearable devices to have communication and healthcare functions based on connectivity; users with experience did not expect these communication functions and connectivity. That is, inexperienced users expected a wearable device to have overall functions similar to other smart devices. On the other hand, experienced users expected a specialised device to provide healthcare or infotainment. These results can be interpreted in two different manners. First, wearable devices that were already available in the current market did not satisfy users' expectations. Hence, they only used their device for a particular purpose. Second, whereas users at first expected wearable devices to be similar to smart devices such as smartphones, they actually discovered that wearable devices were useful when they used them with the purpose of performing specific tasks.
Wearability and fashionability were selected as wearable device characteristic factors. Wearability significantly influenced BI; fashionability did not. This indicates that a wearable IT device must be designed for comfort. Unexpectedly, fashionability was not a significant antecedent of BI; people did not expect wearable devices to be fashion items. However, further research is needed to scrutinise the fashionability factors as many previous studies have documented that wrist watches are fashion items. As we are in the early phase of wearable device adoption, the primary concern for users is whether these devices provide useful functions. For this reason, we were able to explain the nonsignificance of fashionability as a predictor of BI. However, future research is necessary to determine whether fashionability will remain unimportant following wearable device market growth.
The SN is a significant factor to predict BI as presented in other studies (Lin, 2014; Tan et al., 2015; Tarhini, Hone and Liu, 2014) . That is, people believe that they are expected to use wearable devices based on the behaviour of the people around them.
The results for the user characteristic factors indicated that all hypotheses were supported. Perceived privacy positively influenced BI, innovativeness positively affected PEOU, and lifestyle positively influenced PU. These results were in line with previous studies. Remarkably, lifestyle was strongly associated with PU, and 38.4% of the variance of PU was explained by TTF and lifestyle. Considering the effect of PU on BI, TTF and lifestyle are key factors for predicting BI for wearable devices.
In conclusion, the proposed model and research results provide implications to the academic and industrial fields. First, this is an early phase of the study on investigation of users' intention towards wearable devices. Although there is significant literature on smartphones and tablet PCs, there are a minimal number of studies on wearable devices. Therefore, this provides an opportunity to extend previous findings of users' adoption. Second, our results have an important meaning that extends the original TAM and TTF model. We verified the validity and reliability of an integrated model that other studies have attempted. Furthermore, we provided evidence that new factors that are elicited from distinctive aspects of wearable devices are significant. Finally, we implemented a systematic approach and identified several factors that promote the understanding of wearable device adoption by classifying factors into task, technology, user characteristics, social influence, and device characteristics. We expect that these findings will provide significant evidence that researchers and engineers should consider when they address wearable devices.
Although the results of this study provide meaningful findings on the adoption of wearable devices, several limitations must be considered in future studies. First, a generalisation issue could exist because the participants were not perfectly controlled. Although the gender ratio was well balanced, the age distribution was not even. The number of participants aged 20-39 was relatively higher than the participants aged 40-59, even though we did not limit participants' age. Accordingly, the findings could be relatively skewed towards young participants who tend to prefer and do not have issues using new technology and devices. For example, PEOU did not have a significant influence on PU and had a relatively low path coefficient to BI. Second, the factors we identified are focused on the design aspects of devices including task, technology, and device characteristics. Therefore, future studies should consider other factors than the technological aspect such as cost and benefit. Third, we did not gather any qualitative data to strengthen the validity and reliability of our findings, although we identified the factors and verified the proposed model by statistical tests. The results would be more meaningful if findings could be supported with evidence from a longitudinal study.
